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OrthologyThe activities of prokaryotes are pivotal in shaping the environment, and at the same time are greatly
inﬂuenced by the environment. By using the genomic data and environmental descriptions of the complete
prokaryotic genomes in NCBI's Microbial Genome Project Database and applying statistical methods, we have
identiﬁed in a systematic manner those gene groups whose presence/frequency patterns are different for
organisms of different environmental conditions. Here environmental conditions are characterized in four
dimensions – salinity, oxygen requirement, habitat and temperature, and are based on the controlled
vocabularies that NCBI's Microbial Genome Project database uses to specify the organism information; and,
gene groups are determined as Clusters of Orthologous Groups (COG) and KEGG Orthology (KO) groups.
These identiﬁed COG and KO groups are considered as potentially correlated with certain environmental
conditions, and are then mapped to the COG general categories and KEGG pathways to determine which part
of the functional machinery of prokaryotic cells are correlated with the environments. The observations
derived from the analysis of the COG and KO groups that are potentially correlated with the oxygen
requirement and habitat conditions are in general consistent with existing studies on properties of
organisms living in different conditions of these two environmental factors. To further assess the identiﬁed
correlation relationships, we have also examined whether the environmental conditions are predictable
based on the gene distributions in the selected COG and KO groups. The misclassiﬁcation rates of the
prediction experiments are much smaller than that rendered by random guessing, indicating the existence of
the correlation relationships between organisms’ environmental conditions and gene distributions in certain
functional groups. However, the rather moderate misclassiﬁcation rates (the 25- and 75-percentiles of the
misclassiﬁcation rates of all prediction experiments are 16.79% and 24.06%, respectively) also indicate that
the correlation relationships between environmental conditions and gene distributions in certain functional
groups are not strong enough for one to decisively deﬁne the other.elliot.moore@gtsav.gatech.edu
ll rights reserved.© 2010 Elsevier Inc. All rights reserved.Introduction
There are countless ways in which prokaryotes inﬂuence our daily
life, for instance, mediating the chemical cycles that convert key
elements of life into biologically accessible forms, making certain
nutrients/metals/vitamins available to their biological hosts, and
breaking down hydrocarbons and treating crude oil leakages. On the
other hand, the environment is pivotal in shaping and maintaining the
morphological, biochemical and behavioral diversities of prokaryotes.
For example, for bacteria living solely in eukaryotic cells, their obligate
intracellular lifestyle renders that some genes are expendable and
results in genome shrinkage; whereas, for bacteria living in soil, their
genomes usually harbor functions that are necessary to survive in rigidenvironments (e.g., suboptimal temperatures, drought or excess of
water, acidity).
The importance of studying genomes in ecological contexts has
been recognized by the community. This has led to substantial
progresses in multiple enabling ﬁelds. Environment Ontology
(EnvO) and Habitat-Lite [1] have been proposed to be used for
standardizing environment descriptions, and to be incorporated into
the standard descriptions of genomes [2]. On the other hand, the
reduced cost of DNA sequencing and world-wide sequencing efforts
have made available sequences of ∼1,000 complete and ∼2,000
in-progress prokaryotic genomes as well as dozens of metagenomes.
With the wealth of genomic/metagenomic sequences and about-to-
be-standardized ecological context information, the combination of
comparative genomics and association analysis has the potential to
illuminate how environments have shaped and maintained prokary-
otic diversity. We here summarize some of these environment-centric
comparative genomic studies as below.
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that oligonucleotide usage varied more for host-associated than for
free-living bacteria [3]. Paul et al. discovered distinctive genomic and
proteomic signatures in halophiles that are independent of their
GC-content or phylogenetic origins. These signatures include, for
example, (i) over-representations of certain amino acids while under-
representations of some other amino acids, (ii) lower propensities for
the helix while higher propensities for the coil structure, and (iii)
dinucleotide abundance and synonymous codon usage preference
patterns that are not species-speciﬁc but salt adaptation-speciﬁc [4]. It
was also suggested that the amount and source of horizontal gene
transfer is linked to an organism's lifestyle. For instance, hyperther-
mophilic bacteria have exchanged genes with archaea to a greater
extent than other bacteria; and transfer of certain classes of eukaryotic
genes is more common in parasitic and symbiotic bacteria than other
bacteria [5]. Evidence has shown that the genome size and gene
content in bacteria are associated with their lifestyles. For example,
species with larger genome size are more metabolically versatile, able
to exploit a larger number of ecological niches and exhibit larger intra-
species differences; host-associated bacteria typically have a smaller
genome size and fewer genes [6], particularly fewer ribosomal RNA
genes, more split ribosomal RNA operons and fewer transcriptional
regulators [7]; and, mutualistic bacteria have signiﬁcantly more genes
that enable nutrient provisioning, whereas parasitic bacteria have
more genes of secretion systems [7]. Suen et al. used the distribution of
protein domains in various Pfam families to classify prokaryotes, and
compared this classiﬁcation result against the 16 S rRNA-based
phylogenetic map. The comparison revealed that the prokaryotic
organisms occupying the same ecological niche tend to possess a
similar genetic repertoire due to the evolutionary pressure exerted by
the ecological niche [8]. Borenstein et al.'s study revealed that the size
and composition of the seed set (the set of compounds that are
acquired exogenously) of prokaryotes are signiﬁcantly correlatedwith
their living environments. Speciﬁcally, organisms living in extreme
and narrowly deﬁned habitats (e.g., obligate intracellular parasites)
tend to have smaller networks and smaller seed sets; specialized
species living in a highly predictable environment (e.g., marine
thermal vents) tend to have fewer occurring compounds in their
networks and require a smaller fraction of these compounds as seeds
than those living in multiple habitats; and, the fraction of compounds
in the seed set is highly correlated with the ratio of the number of
transcription factors to the genome size and subsequently the habitat
variability [9]. Parter et al.'s study showed that the variability level of
the environment correlates with the modularity of the organism's
metabolic network – the more variable the environment, the more
modular the metabolic network [10]. Similar analysis has also been
applied to metagenomes sampled from different ecological contexts.
Comparisons of microbial communities sampled from soil, deep-sea
whale fall carcasses, and Sargasso Sea surface waters identiﬁed genes
and functional modules linked with particular lifestyles. For example,
cellobiose phosphorylase, which is essential for degrading plant
materials, is substantially enriched in the soil sample but is absent
from other samples; light-driven proton pump bacteriorhodopsin is
present in the Sargasso Sea surface water samples but is absent from
deep sea or soil samples; organic osmolite transporters and oxidative
physphorylation-related sodium ion exporters are strongly enriched
in both deep sea and sea surfacewater samples; and, genes involved in
potassium channeling and antibiotic biosynthesis are enriched in the
soil sample [11].
In this paper, we focus on the environment versus gene distributions
in various functional groups. By using complete prokaryotic genomes in
NCBI's Microbial Genome Project Database, we examine whether gene
distributions in various functional groups are correlated with environ-
mental conditions. Here environmental conditions are based on the
controlled vocabularies that NCBI's Microbial Genome Project Database
uses to specify the organism information, and are characterized in fourdimensions – salinity, oxygen requirement, habitat and temperature;
and, gene functional groups are determined as Clusters of Orthologous
Groups (COG) [12] and KEGG Orthology (KO) groups [13]. Through
statistical tests, we identify COG and KO groups of which the gene
distributions exhibit different patterns for pair-wise comparisons of
environmental conditions. These COG and KO groups are considered as
potentially correlated with certain environmental conditions, and are
thenmapped to the COG general categories [12,14] and KEGGpathways
[13,15] to determine which part of the functional machinery of
prokaryotic cells are correlated with the environments. To further
assess the identiﬁed correlation relationships,we also examinewhether
the environmental conditions are predictable based on the gene
distributions in the selected COG and KO groups.
A similar approach, based on the gene distributions in COG general
categories, was used in [6] to investigate the correlation relationships
between the genome size and gene content. As briefed earlier and
detailed in the following sections, our study is different in that (i) our
goal is to discover the relationships between genomic features and
environmental conditions (rather than the relationships between
different genomic features), (ii) we examine gene distributions in
COG (as well as KO) groups, which are at a more speciﬁc level than
COG general categories, and (iii) we use COG general categories (as
well as KO pathways) as the reference system to determine the
cellular machinery potentially under the environmental impacts. The
novelty of the reported study also lies in that with the application of
statistical methods we are able to examine the genome-environment
correlation relationships for hundreds of prokaryotic organisms in a
systematic manner.
Methods
Data Collection
The 939 complete prokaryotic genomes, including 64 archaea and
875 bacteria, that are publicly available at the NCBI Microbial Genome
Project Database (as of August 2009, ftp://ftp.ncbi.nih.gov/genomes/
Bacteria/) were used for the reported study.
Numerous physiological features associated with each prokaryotic
organism, including the gram stain, shape, arrangement, endospores,
motility, salinity, oxygen requirement, habitat, organisms that this
prokaryote is pathogenic in, and the related disease, are described in the
database. We were particularly interested in the features regarding the
salinity, oxygen requirement, habitat and temperature range, because
(i) these features characterize the basic environment that an organism
prefers or has been found to live in, and (ii) they can be speciﬁed by
using controlled vocabularies. Speciﬁcally, salinity refers to the
percentage of salt as sodiumchloride equivalent in the growthmedium,
and is speciﬁed by four terms – non-halophilic, mesophilic, moderate
halophile, and extreme halophile. Oxygen requirement refers to the
ability of the organism to live at various levels of oxygen, and is speciﬁed
by four terms – aerobic, microaerophilic, facultative, and anaerobic.
Habitat refers to the basic environments where the organism is found,
and is speciﬁed by ﬁve terms – host-associated, aquatic, terrestrial,
specialized, and multiple. And, temperature refers to the basic category
of temperature range the organism grows at, and is speciﬁed by ﬁve
terms – cryophilic, psychrophilic, mesophilic, thermophilic, and
hyperthermophilic. Though characterizations of these features may
not be adequate to serve as the deﬁnitive guide to prokaryotic
differentiation, they have been used for the association analysis of the
environmental variability and the metabolic network modularity of
prokaryotes [10], and for the identiﬁcation of genomic features that
transcend phylogenetic boundaries but are more related to environ-
mental factors [3,5,7].
The functional potentiality of an organism is determined by its
genome, and is reﬂected atmultiple levels that range from the individual
gene perspective to the biological network perspective. For example, we
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categories are contained), howgenes are arrangedon the chromosomes/
plasmids andorganized into functional units (e.g., operons and regulons),
and certain pathways properties (e.g., topological structures, and the
seed sets) to characterize the functional potentialities of organisms. This
multi-level view is very much like the KEGG Pathway Database's multi-
level scheme (orthologous groups, functional modules, pathways, and
networks) for gene functional analysis [16]. For the reported study, we
focused at the individual gene level, and examined for each organism
how genes are distributed in various functional categories. Two gene
functional annotation systems, Clusters of Orthologous Groups (COG)
[12] and KEGG Orthology (KO) [13], were used to deﬁne functional
categories (see Table 1). Both COG and KO annotations are primarily
based on the sequence similarity of proteins, but are obtained through
different approaches. The COG system mainly relies on automatic
prediction procedures;whereas, the KO system combines computational
analysis with manual curations. While this reported study was
potentially subject to the errors during the genome annotations, it has
provided an initial case study of the feasibility of the reported
methodology. Additionally, using both gene functional annotation
systems has allowed us to take advantage of the high coverage of the
COG system (934 organisms are COG-annotated, among which 859
organisms have more than 60% of their genes COG-annotated) and the
high accuracy of the KO system, and to derive more consistent
hypotheses via comparing the results based on these two different
systems.
Methodology for the Association Analysis
Feature Generation
For each organism, we considered two sets of features – one
corresponding to the number of genes in each COG/KO group, and the
other corresponding to the percentage of genes in each COG/KO
group. The dimensionality of the feature vector is 4,668 when COG
groups were used, and is 6,053 when KO groups were used. Among
the total 2,191,240 COG-annotated genes of all organisms, 84,212
(∼3.8%) genes are assigned into multiple COG groups; and, among the
1,054,525 KEGG-annotated genes of all organisms, 16506 (∼1.6%)
genes are assigned into multiple KO groups. These genes were
counted multiple times during the feature generation.
Wilcoxon Rank-Sum Tests
For every two different conditions of an environmental factor, a
non-parametric statistical test, Wilcoxon rank-sum test, was per-Table 1
The numbers of organisms that are COG- and KO-annotated under various
environmental conditions.
Factor Condition Complete
Genomes
COG-
Annotated
KO-
Annotated
Salinity Extreme halophile 7 7 7
Mesophilic 18 17 17
Moderate_halophilic 16 16 16
Non-halophilic 160 155 158
Oxygen
Requirement
Aerobic 293 275 278
Anaerobic 159 152 154
Facultative 319 300 306
Microaerophilic 26 25 25
Habitat Aquatic 154 146 150
Host-associated 310 296 294
Multiple 276 256 261
Specialized 85 79 83
Terrestrial 54 52 52
Temperature
Range
Hyper-thermophilic 37 32 36
Mesophilic 749 706 712
Psychrophilic 15 14 14
Thermophilic 57 55 57formed for each COG/KO group to examine whether the number of
genes (or the percentage of genes) in that group is differentially
distributed for the two environmental conditions. A functional group
was considered as potentially correlated with the two environmental
conditions and was selected for the following prediction test if the
p-values of the Wilcoxon rank-sum tests for both the gene numbers
and gene percentages are no larger than 0.05. It should be noted that
using both gene numbers and gene percentages for selecting COG and
KO groups is rather stringent. A COG/KO group will not be selected if
(i) the gene percentage pattern is different while the gene number
pattern is identical for different environmental conditions, since the
difference in the gene percentage pattern is more due to the
difference in the genome size; or (ii) the gene number pattern is
different while the gene percentage pattern is identical for different
environmental conditions, since it has been shown that the gene
content of certain functional categories (e.g., translation, transcrip-
tion, DNA replication, recombination and repair, and nucleotide
transport and metabolism) is correlated with and may consequently
be proportional to the genome size [6]. Therefore, the selected COG
and KO groups may only represent part of the cellular machinery that
underlines the difference between organisms of different environ-
mental conditions.
Prediction Tests
To a certain degree, the signiﬁcance of the correlation relationships
between certain environmental conditions and the functional groups
selected via the Wilcoxon rank-sum tests can be reﬂected by the p-
values. On the other hand, if the environmental condition of an
organism is predictable based on the gene distributions in the selected
functional categories, such correlation relationships between envi-
ronmental conditions and genes can be further justiﬁed.
A simple k-nearest neighbor (with k=3) classiﬁer was used to
predict the environmental condition of an organism based on its gene
distributions in the selected functional categories. The reason to
choose the k-nearest neighbor classiﬁer mainly lies in that (i) it does
not impose any prior assumptions on the distribution of feature
vectors, and (ii) it does not require any complicated procedure for
parameter estimation. Both factors were important for this study,
because for certain environmental conditions (e.g., psychrophilic vs.
thermophilic) there were not sufﬁcient instances (organisms) to
reliably estimate parameters for models that may involve tens or
hundreds of selected functional groups.
A 10-fold cross validation procedure was employed to estimate the
classiﬁcation error rate. Given two different environmental condi-
tions, the corresponding ensembles of organismswere each randomly
divided into 10 folds. One fold of organisms from each ensemble was
in turn used for testing and estimating the misclassiﬁcation rate, and
the other folds of organisms were used for building the classiﬁer. For
each 10-fold cross validation experiment, the misclassiﬁcation rate
(MCR) was estimated by taking the average over the 10 estimates
(one for each testing folds). The 10-fold cross validation experiment
was repeated for 10,000 times, so that a variety of combinations of
organisms can be seen to obtain the distribution proﬁle of the MCR
estimate.
The MCR estimates were benchmarked against the MCR rendered
by random guessing. To facilitate such comparisons, we enforced that
for each 10-fold cross validation experiment the two ensembles
corresponding to the two different environmental conditions contain
the same number of organisms, so that the MCR by random guessing
is 50% for binary classiﬁcations. Speciﬁcally, if the number of
organisms are different for two environmental conditions (e.g.,
aerobic vs. anaerobic), then for each 10-fold cross validation
experiment, we would randomly select from the larger ensemble a
subset of organisms so that the subset and the smaller ensemble are of
equal size. The 10,000 repetitions of the 10-fold cross validation
experiment allowed that various combinations of organisms covering
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the MCR estimates were unbiased towards any particular sub-group
of organisms.
Results and Discussion
For every two different conditions of an environmental factor, the
COG and KO groups of which the gene distribution patterns are
statistically different were selected through the Wilcoxon rank-sum
tests; and, the MCR statistics for predicting the environmental
conditions of an organism based on the gene numbers (or gene
percentages) of the selected functional groups were also obtained.
These results are summarized in Tables S-1 ∼ S-4 of the supplemen-
tary material. Here we focus on two environmental factors – oxygen
requirement and habitat, because there are sufﬁcient numbers of
complete organisms under different conditions of these two factors to
render statistically signiﬁcant observations.
In particular, we were interested in the functional roles of the
selected COG and KO groups, and therefore used the COG general
categories [12,14] and KEGG pathways [13,15] as the reference system
(see Table S-5 of the supplementary material). Given a COG general
category or a KEGG pathway, if the enrichment factor and the
percentage of selected genes are both above certain thresholds, then
the functional roles represented by this COG general category or KEGG
pathway are potentially associatedwith the environmental conditions
being considered. Here the enrichment factor was deﬁned as:
Enrichment Factor COG General Categoryð Þ =
Percentage of Selected COG Groups in COG General Category
Percentage of All COG Groups in COG General Category
ð1Þ
and the threshold was set as 1.0. The threshold for the percentage of
selected COG/KO groups was set as 5% for the 25 COG general
categories, and 1% for the 274 KEGG pathways. We were also
interested in how well the prediction of an organism's environmental
conditions based on the gene distributions (numbers or percentages)
in the selected COG/KO groups could be, especially in comparisons
with the random guessing.Table 2
Major functional roles represented by the selected COG and KO groups for the comparisons
COG General Categories
Energy production and conversion (C)
Amino acid transport and metabolism (E)
Carbohydrate transport and metabolism (G)
Coenzyme transport and metabolism (H)
Transcription (K)
Inorganic ion transport and metabolism (P)
KEGG Pathways
Amino acid metabolism: ko00250 ko00260 ko00270 ko00280 ko00290 ko00300 ko0
ko00340 ko00380
Biosynthesis of secondary metabolites: ko00521
Carbohydrate metabolism: ko00010 ko00020 ko00030 ko00052 ko00500 ko00520 ko0
ko00650
Cell motility: ko02030 ko02040
Energy metabolism: ko00720 ko00910
Lipid metabolism: ko00061 ko00071
Membrane transport: ko02010 ko02060
Metabolism of cofactors and vitamins: ko00790 ko00860
Metabolism of other amino acids: ko00410 ko00480
Xenobiotics biodegradation and metabolism: ko00281Oxygen Requirement
We here focus on the pair-wise comparisons of three oxygen
requirement conditions – aerobic, anaerobic and facultative, as each of
these conditions covers hundreds of complete organisms (see
Table 1). The difference between aerobic, anaerobic and facultative
organisms is mainly about the respiration process, i.e., how biochem-
ical energy is converted from nutrients to ATP and what serves as the
electron acceptors. Nutrientsmay include carbohydrates, amino acids,
fatty acids, and certain inorganic molecules (e.g., hydrogen, carbon
monoxide, ammonia, nitrite, sulfur, sulﬁde, ferrous iron); and,
electrical acceptors may be oxygen, nitrate, metal ions, sulfate, carbon
dioxide, etc. Aerobic organisms are those that survive and grow in an
oxygenated environment and use oxygen as the electron acceptor;
anaerobic organisms are those that grow in the absence of oxygen and
utilize alternative electron acceptors; and facultative organism are
those thatmake ATP by aerobic respiration if oxygen is present but are
also capable of switching to anaerobic respiration. Though sharing the
initial pathway of glycolysis, the aerobic respiration generates more
ATP than the anaerobic respiration because the former process
continues with the Krebs cycle and oxidative phosphorylation.
Therefore, aerobic and facultative organisms are more advantages
than anaerobic organisms from the energetical point of view [17].
However, because of the potential exposure to high levels of oxidative
stress, aerobic and facultative organisms have also evolved sophisti-
catedmechanisms to protect against the possible destructive effects of
reactive oxygen species on proteins, lipids and DNA [18]. Based on
these differences, we were expecting that genes related to transport
andmetabolism of carbohydrates, amino acids, fatty acids, and certain
inorganic molecules, and genes related to the defense mechanisms
and genetic responses to oxidative stress are differentially distributed
for aerobic, anaerobic and facultative organisms.
Pair-wise comparisons of organisms under these three different
conditions resulted in 498 COG and 219 KO groups of which gene
distributions are statistically different for aerobic vs. anaerobic condi-
tions, 648 COG and 360 KO groups of which gene distributions are
statistically different for aerobic vs. facultative conditions, and 532 COG
and 228 KO groups of which gene distributions are statistically different
for anaerobic vs. facultative conditions. The functional roles that are
potentially associated with these different oxygen requirementof the aerobic and anaerobic organisms.
Number of Selected
COG Groups
Percentage Enrichment
Factor
59 11.8% 2.13
50 10.0% 1.72
39 7.83% 1.57
28 5.62% 1.45
38 7.63% 1.90
28 15.5% 1.05
Number of Selected KO
Groups
Average
Percentage
Average
Enrichment
0310 ko00330 31 2.24% 2.91
3 1.37% 5.08
0620 ko00640 30 2.94% 2.91
5 1.37% 2.93
10 2.28% 2.97
8 1.83% 3.91
16 3.65% 1.17
16 3.65% 3.80
6 1.60% 3.54
3 1.37% 12.3
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to the COG general categories and KEGGpathways, and are summarized
as in Tables 2-4 (Table S-3 of the supplementary material contains a
complete list of the selected COG and KO groups). Observe that the COG
general categories that were consistently determined as relevant to
certain oxygen requirement conditions include energy production and
conversion (C), amino acid transport andmetabolism (E), carbohydrate
transport and metabolism (G), transcription (K), and inorganic ion
transport and metabolism (P). Similarly, the KEGG pathways that were
consistently determined as relevant to certain oxygen requirement
conditions include amino acid metabolism [ko00270 (cysteine and
methionine metabolism), ko00280 (valine, leucine and isoleucine
degradation), ko00290 (valine, leucine and isoleucine biosynthesis)
and ko00330 (arginine and proline metabolism)], carbohydrate
metabolism [ko00010 (glycolysis/gluconeogenesis), ko00020 (TCA
cycle), ko00500 (starch and sucrose metabolism), ko00520 (amino
sugar and nucleotide sugar metabolism), ko00620 (pyruvate metabo-
lism) and ko00650 (butanoate metabolism)], cell motility [ko02030
(bacterial chemotaxis) and ko02040 (ﬂagellar assembly)], energy
metabolism [ko00720 (CO2 ﬁxation)], membrane transport [ko02010
(ABC transporters) and ko02060 (phosphotransferase system)], and
metabolism of other amino acids [ko00480 (glutathione metabolism)].
Such informationderived fromtheCOGandKEGG reference systemsare
generally consistent with our earlier expectations based on the
properties of aerobic, anaerobic and facultative organisms. For instance,
COG0789 (SoxR), COG2207 (SoxS) and COG0583 (OxyR) are among the
COG groups that were selected for the aerobic vs. anaerobic and
facultative vs. anaerobic comparisons but not for the aerobic vs.
facultative comparison, which is consistent with that SoxRS and OxyR
are the two major transcriptional regulators in response to oxidative
stress [18]. And, K03776 (aerotaxis receptor) and 26 chemotaxis/
ﬂagellar related genes [K02386 (ﬂagA), K02387 (ﬂagB), K02388 (ﬂgC),
K02389 (ﬂgD), K02391 (ﬂgF), K02393 (ﬂgH), K02394 (ﬂgI), K02396
(ﬂgK), K02397 (ﬂgL), K02400 (ﬂhA), K02401 (ﬂhB), K02408 (ﬂiE),
K02409 (ﬂiF), K02410 (ﬂiG), K02411 (ﬂiH), K02412 (ﬂiI), K02419 (ﬂiP),
K02420 (ﬂiQ), K02421 (ﬂiR), K02422 (ﬂiS), K02557 (motB), K03407
(cheA), K03408 (chew), K03412 (cheB), K03415 (cheV), and K05874
(tsr)] are among the KO groups that were selected for the aerobic vs.
facultative and anaerobic vs. facultative comparisons but not for theTable 3
Major functional roles represented by the selected COG and KO groups for the comparisons
COG General Categories
Energy production and conversion (C)
Amino acid transport and metabolism (E)
Carbohydrate transport and metabolism (G)
Transcription (K)
Cell wall/membrane biogenesis (M)
Inorganic ion transport and metabolism (P)
Signal transduction mechanisms (T)
Intracellular trafﬁcking and secretion (U)
KEGG Pathways
Amino acid metabolism: ko00250 ko00260 ko00270 ko00280 ko00290 ko00300 ko00310
ko00380 ko00400
Biosynthesis of secondary metabolites: ko00903
Carbohydrate metabolism: ko00010 ko00020 ko00051 ko00053 ko00500 ko00520 k
ko00650
Cell motility: ko02030 ko02040
Energy metabolism: ko00680 ko00720 ko00910
Lipid metabolism: ko00071 ko00564
Membrane transport: ko02010 ko02060 ko03070
Metabolism of other amino acids: ko00480
Replication and repair: ko03410
Signal transduction: ko02020
Xenobiotics biodegradation and metabolism: ko00281 ko00624 ko00632aerobic vs. anaerobic comparison, which is consistent with that
facultative organisms are capable of more sophisticated mechanisms
of oxygen sensing and aerotaxis than aerobic or anaerobic organisms
[19].
Though hundreds of COG and KO groups were detected to be
statistically signiﬁcantly different between organisms under different
oxygen requirement conditions, it was still non-trivial to predict an
organism's oxygen requirement condition based on its gene numbers/
percentages in the selected COG/KO groups. Fig. 1 shows the distribu-
tions of theﬁrst twoprincipal components after the principal component
analysis was performed on the gene numbers in various selected COG
groups for the aerobic and anaerobic organisms. These two principal
components together can account for 66.1% of the total variance of the
gene numbers of all aerobic and anaerobic organisms. The histograms of
these two principal components (Fig. 1(a) and Fig. 1(b)) clearly show
that the distribution patterns are different for the two oxygen
requirement conditions; however, based on the 2-D display of these
two principal components (Fig. 1(c)-(e)), aerobic and anaerobic
organisms are intermingled, and there is hardly a discriminant function
(curve) that can yield a clear (with zero error rate) distinction between
the two oxygen requirement conditions. Similar observations can be
made for the gene numbers/percentages in the selected COG and KO
groups for all pair-wise comparisons of oxygen requirement conditions.
Results for predicting the oxygen requirement condition based on the
gene numbers/percentages in the selected COG/KO groups using
k-nearest neighbor classiﬁers (k=3) are summarized in Table 5. Observe
that the averageMCR is well below 20% for all pair-wise comparisons no
matter whether it was based on the COG or KO system or whether it
regarded gene numbers or percentages. Considering that the MCR
rendered by random guessing is 50% due to that the same number of
organisms of different oxygen requirement conditions were used during
the prediction tests, we can infer that an organism's oxygen requirement
condition is predictable to a certain degree based on the gene
distributions in various functional groups. Combining the results from
both theWilcoxon rank-sum tests and the prediction tests, however, we
can only infer that the established association relationships are more
about a tendency than a decisive relationship.
Organisms that are with the majority (≥50%) of the selected COG/
KEGG groups being present but were misclassiﬁed for the majorityof the aerobic and facultative organisms.
Number of Selected COG
Groups
Percentage Enrichment
54 8.33% 1.50
66 10.2% 1.74
57 8.80% 1.77
40 6.17% 1.54
34 5.25% 1.29
49 7.56% 1.66
35 5.40% 1.75
33 5.09% 1.85
Number of Selected KO
Groups
Average
Percentage
Average
Enrichment
ko00330 ko00350 ko00360 42 1.57% 2.15
4 1.11% 3.21
o00620 ko00630 ko00640 52 2.25% 2.35
21 2.92% 6.02
17 1.57% 1.93
8 1.11% 1.72
53 4.91% 2.83
4 1.11% 1.86
5 1.39% 2.21
20 5.56% 1.19
9 1.20% 5.62
Table 4
Major functional roles represented by the selected COG and KO groups for the comparisons of the anaerobic and facultative organisms.
COG General Categories Number of Selected
COG Groups
Percentage Enrichment
Energy production and conversion (C) 61 1.15% 2.06
Amino acid transport and metabolism (E) 48 9.02% 1.54
Carbohydrate transport and metabolism (G) 38 7.14% 1.44
Coenzyme transport and metabolism (H) 32 6.02% 1.55
Translation (J) 28 5.26% 1.04
Transcription (K) 43 8.08% 2.01
Cell wall/membrane biogenesis (M) 28 5.26% 1.30
Inorganic ion transport and metabolism (P) 35 6.58% 1.44
KEGG Pathways Number of Selected
KO Groups
Average Percentage Average
Enrichment
Amino acid metabolism: ko00270 ko00280 ko00290 ko00330 15 1.75% 2.45
Carbohydrate metabolism: ko00010 ko00020 ko00030 ko00040 ko00052 ko00500 ko00520 ko00620 ko00650 29 2.19% 2.30
Cell motility: ko02030 ko02040 23 5.70% 10.7
Energy metabolism: ko00720 3 1.32% 2.59
Lipid metabolism: ko00561 3 1.32% 2.02
Membrane transport: ko02010 ko02060 ko03060 ko03070 25 3.07% 2.13
Metabolism of cofactors and vitamins: ko00730 ko00790 ko00860 10 1.46% 2.45
Metabolism of other amino acids: ko00480 3 1.32% 2.18%
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in the Supplementary Materials. For the aerobic vs. anaerobic
comparisons, there are 19 such organisms (nine aerobic and ten
anaerobic)when the predictionwas based on the gene numbers in the
selected COG groups (Fig. 1(c) – (e)). In particular, nine of these
organisms, Acidithiobacillus ferrooxidans ATCC 53993 (aerobic),
Anaeromyxobacter sp. Fw109-5 (anaerobic), Arcobacter butzleri
RM4018 (aerobic), Bordetella petrii DSM 12804 (anaerobic), Chloro-
ﬂexus aurantiacus J-10-ﬂ (anaerobic), Cronobacter sakazakii ATCC
BAA-894 (anaerobic), Methylococcus capsulatus str. Bath (aerobic),
Propionibacterium acnes KPA171202 (anaerobic), and Psychromonas
ingrahamii 37 (anaerobic), are also misclassiﬁed for the majority of
the repeats of the prediction experiments when the prediction was
based on the gene percentages in the selected COG groups, and gene
numbers/percentages in the selected KEGG groups (see Table S-3.1 of
the Supplementary Materials). Through literature search, we found
evidence that may question the correctness of the oxygen require-
ment annotations for eight of these organisms at NCBI's Microbial
Genome Project Database. For instance, Acidithiobacillus ferrooxidans
ATCC 53993, labeled as aerobic, was shown to be able to grow not only
on H(2)/O(2) under aerobic conditions but also on H(2)/Fe(3+), H
(2)/S(0), or S(0)/Fe(3+) under anaerobic conditions [20]; Anaero-
myxobacter sp. Fw109-, labeled as anaerobic, exhibits both aerobic
and anaerobic growth [21]; Arcobacter butzleri RM4018, labeled as
aerobic, is actually a facultative anaerobic strain [22]; Bordetella petrii
DSM 12804, labeled as anaerobic, belongs to the genus Bordetella that
are strict aerobes and never perform fermentation [23]; Chloroﬂexus
aurantiacus J-10-ﬂ, labeled as anaerobic, was recorded as the only
facultative aerobic member of the Chlorobiineae [24]; Cronobacter
sakazakii ATCC BAA-894, labeled as anaerobic, was recorded as a
facultative anaerobic bacterium capable of both aerobic respiration
and fermentation [25]; Propionibacterium acnes KPA171202, labeled
as anaerobic, was shown to be able to live in anaerobic as well as
microaerobic conditions [26]; and, Psychromonas ingrahamii 37,
labeled as anaerobic, was recorded as facultatively aerobic capable
of both respiratory and fermentative metabolism [27]. These
instances, on one hand, reﬂect some inconsistency between the
annotations at the NCBI's Microbial Genome Project Database and the
discoveries from the projects that are speciﬁc to certain prokaryotic
groups. On the other hand, they also suggest the feasibility of “reverse
ecology,” i.e., to infer the environmental conditions of organisms
based on their genomic features [9].Habitat
Habitat refers to the basic environments in which the organism is
found, and is speciﬁed by using ﬁve terms – host-associated, aquatic,
terrestrial, specialized and multiple. The host-associated are those
that are often or obligately associated with host organisms; the
aquatic are those that are often or obligately associated with either
fresh or seawater environments; the terrestrial are those that are
often or obligately associated with a terrestrial environment (e.g.,
soil); the specialized are those that live in a specialized environment
such as marine thermal vents; and the multiple are those that can be
found in more than one of the above environments. Studies have
shown that organisms of various habitat conditions exhibit different
distribution patterns at several genomic/proteomic feature levels. For
instance, oligonucleotide usage in non-coding regions varies more for
AT-rich and host-associated than for GC-rich and free-living organ-
isms [3]. Transfer of certain classes of eukaryotic genes (e.g., isoleucyl-
tRNA synthetases and ATP/ADP translocases) is most common in
parasitic and symbiotic bacteria [5]. Host-associated bacteria usually
have a smaller genome size and fewer genes than free-living bacteria
[6], particularly fewer ribosomal RNA genes and fewer transcriptional
regulators [7]. And, in terms of metabolic capacities, both the
modularity of an organism's metabolic network and the fraction of
compounds that must be acquired exogenously are correlated with
the habitat variability [9,10].
We here focus on three habitat conditions– host-associated, aquatic,
and terrestrial, since these three terms each are deﬁned unambiguously
and cover at least 50 organisms. We ﬁrst examined the total number of
genes of each organism. The histograms of the number of genes per
organism for host-associated, aquatic and terrestrial organisms are
shown as in Fig. 2. Both visual examination of Fig. 2 and Kruskal-Wallis
test indicated that the gene number per organism is distributed
differently for these three different habitat conditions. The median
number of genes per organism is 2,036 for the host-associated, 3,058 for
the aquatic, and 4,588 for the terrestrial, respectively. Note that among
the three different habitats, the host-associated environments are most
constant, the aquatic environments are lessprotected andexhibit higher
species heterogeneity than the host-associated environments, and the
terrestrial environments are most variable [10]. Wemay therefore infer
that the number of genes per organism is correlated with the habitat
conditions, and organisms living in more variable conditions tend to
contain more genes in the genome. This observation is consistent with
Fig. 1. Principal component analysis on the gene numbers of the selected COG groups for the aerobic vs. anaerobic organisms, and the distribution of the ﬁrst two principal
components: (a) histogram of the ﬁrst principal component, (b) histogram of the second principal component, (c) 2-D display of the ﬁrst two principal components, and (d) and
(e) zoom-in view of the two areas in (c). In (c)-(e), the dots with square edges represent the organisms that are with the majority (≥50%) of the selected COG groups being present
but are misclassiﬁed for the majority (≥50%) of the experimental repeats, and dots labeled as 1∼ 9 represent Acidithiobacillus ferrooxidans ATCC 53993 (aerobic), Anaeromyxobacter
sp. Fw109-5 (anaerobic), Arcobacter butzleri RM4018 (aerobic), Bordetella petrii DSM 12804 (anaerobic), Chloroﬂexus aurantiacus J-10-ﬂ (anaerobic), Cronobacter sakazakii ATCC
BAA-894 (anaerobic), Methylococcus capsulatus str. Bath (aerobic), Propionibacterium acnes KPA171202 (anaerobic), and Psychromonas ingrahamii 37 (anaerobic), respectively.
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Table 5
Average and standard deviation (STD) of the misclassiﬁcation rate for predicting the oxygen requirement condition of an organism based on its gene numbers/percentages in the
selected COG/KO groups. The average and standard deviation were estimated through the 10,000 repeats of the 10-fold cross-validation experiments.
COG-Based KO-Based
Number Percentage Number Percentage
Aerobic vs. Anaerobic
Average 0.1380 0.1472 0.1638 0.1342
STD 0.0583 0.0618 0.0637 0.0595
Aerobic vs. Facultative
COG-Based KO-Based
Number Percentage Number Percentage
Average 0.1817 0.2138 0.1816 0.1821
STD 0.0489 0.0510 0.0501 0.0492
Anaerobic vs. Facultative
COG-Based KO-Based
Number Percentage Number Percentage
Average 0.1751 0.1507 0.1763 0.1414
STD 0.0659 0.0611 0.0674 0.0608
34 H. Wu, E. Moore / Genomics 96 (2010) 27–38the hypothesis raised in [6] that species with larger genome size are
more ecologically successful in environments where resources are
scarce but diverse (e.g., terrestrial environments).
The aquatic, host-associated and terrestrial environments each
provide different sources of nutrients, which may impact the central
metabolic machinery of organisms living under these habitat condi-
tions. For instance, host-associated organisms have preferentially lost
genes related to the biosynthesis of the compounds that can be easily
taken up from the host [6]; for organisms in the ocean, transporters
for organic osmolites and sodium ion exporters are enriched; and, for
organisms in the soil with high concentration of potassium, genes
related to potassium channeling are likely to be enriched [11].
Observe Table 6 for the COG and KO groups that were selected for all
the pair-wise comparisons between aquatic, host-associated and
terrestrial organisms, we can see that various aspects of the central
metabolism machinery, including energy metabolism, as well as
transport and metabolism of amino acids, nucleotides, carbohydrates,
lipids, and secondary metabolites, are among the general functional
categories that exhibit different gene distribution patterns for
organisms of different habitat conditions. Additionally, the host-
associated, aquatic and terrestrial habitats represent environments of
different variability, with the host-associated being the most constant
and the terrestrial being the most variable. The environmental
variability has been hypothesized to be correlated with the transcrip-
tion factors. Under constant conditions, genes are either deleted, or
constitutively expressed and do not require transcription control;Fig. 2.Histograms of the number of genes per organism for host-associated, aquatic and
terrestrial organisms.hence, genes for transcription factors tend to be lost from the genome
[28]. Observe Table 6 that some of the selected COG and KO groups are
involved in transcription and signal transduction, which further
supports the hypothesis regarding the correlation between the
environmental variability and the transcriptional machinery. And
ﬁnally, host-associated organisms tend to have slower growth rates
than free-living organisms, so that they can be better synchronized
with their hosts to avoid detrimental virulence [7]. Observe Table 6
that some of the selected COG and KO groups are directly related to
bacterial growth, including replication, recombination and repair, cell
cycle control, and cell wall/membrane biogenesis, which supports the
hypothesis regarding the correlation between the habitat and the
growth rate.
Experimental results for predicting organisms’ habitat conditions
basedon thegenenumbers/percentages in the selectedCOG/KOgroups
are summarized in Table 7. Whether it was based on gene numbers or
gene percentages of the selected COG/KO groups, the misclassiﬁcation
rates for all the three binary classiﬁcation problems – aquatic vs. host-
associated, aquatic vs. terrestrial, andhost-associated vs. terrestrial– are
around 20%. Though much better than the 50% misclassiﬁcation rate
rendered by random guessing, the ∼20%misclassiﬁcation rate indicates
that various genomic features (e.g., genome size, gene distributions in
certain functional groups) are only correlated with but cannot precisely
deﬁne habitat conditions. That is, the environmental characterization of
an organism can provide some extra information that cannot be directly
read from the genome, and therefore should be incorporated with the
genome to provide a more comprehensive portrait of the organism.
Taxonomic Redundancy
The 939 complete prokaryotic genomes represent 629 species and
333 genera, respectively. To determine how genomes of close
taxonomic lineages affect the reported association analysis, we have
also repeated the above statistical and prediction tests by only
considering an arbitrary genome out of all the genomes belonging to
the same taxonomic lineage (species or genus) and of the same
environmental condition. The results for this taxonomic redundancy-
removed study are summarized in Table S-5 of the Supplementary
Materials, including the number of the selected gene groups, the
number of the selected gene groups common to the statistical analyses
before andafter the taxonomic redundancybeing removed, the Jaccard's
coefﬁcient [29] between the selected gene groups rendered by the
Table 6
COG and KO groups of which gene distributions are different for all pair-wise comparisons between the aquatic, host-associated and terrestrial organisms.
COG General Categories COG Groups
Energy production and conversion (C) COG0633 (Fdx), COG0667 (Tas), COG2141
Cell cycle control, mitosis and meiosis (D) COG2385 (SpoIID)
Amino acid transport and metabolism (E) COG0346 (GloA), COG1126 (GlnQ)
Nucleotide transport and metabolism (F) COG0537 (Hit)
Carbohydrate transport and metabolism (G) COG0537 (Hit)
Lipid transport and metabolism (I) COG1028 (FabG)
Translation (J) COG0441 (ThrS)
Transcription (K) COG0745 (OmpR), COG1595 (RpoE), COG1695, COG1846 (MarR)
Replication, recombination and repair (L) COG0587 (DnaE)
Cell wall/membrane biogenesis (M) COG0472 (Rfe), COG0791 (Spr)
Secondary metabolites biosynthesis, transport and catabolism (Q) COG1028 (FabG)
Signal transduction mechanisms (T) COG0745 (OmpR)
KEGG Pathways KO Groups
Membrane Transport ko02010 K02033 (ABC.PE.P), K02034 (ABC.PE.P1)
Replication and Repair ko03030 ko03430 ko03440 K02337 (DnaE)
Biosynthesis of Polyketides and Nonribosomal Peptides ko01051 K00615 (tktA)
Carbohydrate Metabolism ko00030 K00615 (tktA)
Energy Metabolism ko00710 K00615 (tktA)
Lipid Metabolism ko00061 ko01040 K00059 (fabG)
Nucleotide Metabolism ko00230 ko00240 K02337 (DnaE)
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removed, and the misclassiﬁcation rate statistics when the prediction
wasperformedbyusing the common selected gene groups.Herewe still
focus on three oxygen requirement conditions – aerobic, facultative and
anaerobic, and three habitat conditions – aquatic, host-associated and
terrestrial (See Table 8).
There certainly exists overlap between the sets of selected gene
groups before and after the taxonomic redundancy was removed. For
example, when the species-level redundancy was removed, the COG
groups that were consistently selected for the pair-wise comparisons
between the aerobic, anaerobic and facultative conditions mainly fall
into the COG categories C (energy production and conversion), E
(amino acid transport and metabolism), G (carbohydrate transport
andmetabolism), K (transcription) and P (inorganic ion transport and
metabolism); COG0789, COG2207 and COG0583 were selected for the
aerobic vs. anaerobic and facultative vs. anaerobic comparison but not
for the aerobic vs. facultative comparisons; and, certain chemotaxis/
motility related genes (e.g., K02387, K02412, and K02667) were
selected for the aerobic vs. facultative and anaerobic vs. facultative
comparisons but not for the aerobic vs. anaerobic comparison. All
these observations, though anecdotal, are consistent with the
statistical analysis results before the taxonomic redundancy was
removed (see Part I of the Results and Discussion section).Table 7
Average and standard deviation (STD) of the misclassiﬁcation rates for predicting the habitat
KO groups. The average and standard deviation were estimated through the 10,000 repeats
COG-Based
Number Percentag
Aquatic vs. Host-Associated
Average 0.1864 0.1626
STD 0.0705 0.0667
Aquatic vs. Terrestrial
Average 0.2141 0.2223
STD 0.1257 0.1257
Host-associated vs. Terrestrial
Average 0.1974 0.1750
STD 0.1227 0.1178We use A to denote the set of the gene groups that were selected
when all strains were included, and Bspecies (Bgenus) to denote the set
of gene groups that were selected when only one strain per species
(genus) was included. The intersection, A∩B, can be interpreted as to
contain the gene groups that were not affected by the taxonomic
redundancy; the difference, A- A∩B, can be interpreted as to contain
the gene groups that were inﬂated by strains of the same taxonomic
lineage; and the difference, B- A∩B, can be interpreted as to contain
the gene groups that were masked by the strains of the same
taxonomic lineage. The degrees of inﬂation and masking, which are
measured by the ratio of the number of inﬂated gene groups to the
number of unaffected gene groups and the ratio of the number of
masked gene groups to the number of unaffected gene groups,
respectively, are different for different pair-wise comparisons of
environmental conditions. For example, the inﬂation ratios for the
aerobic vs. anaerobic comparisons are the lowest, and the masking
ratios for the anaerobic vs. facultative comparisons are the lowest
among all pair-wise comparisons of oxygen requirement conditions.
This difference is likely due to the different degrees of taxonomic
redundancy for different environmental conditions. When comparing
the results for the genus-level redundancy being removed against the
results for the species-level redundancy being removed, we have
noticed that the number of inﬂated gene groups tends to be larger,condition of an organism based on the gene numbers/percentages in the selected COG/
of the 10-fold cross-validation experiments.
KO-Based
e Number Percentage
0.2220 0.1773
0.0659 0.0681
0.1996 0.2083
0.1203 0.1237
0.2125 0.1708
0.1233 0.1167
Table 8
The set of the selected gene groups (denoted as B) determined by considering only one (arbitrary) strain from each taxonomic lineage (species or genus) in comparison with the set
of the selected gene groups (denoted as A) determined by considering all strains of particular environmental conditions.
All Strains (A) One Strain per Species (B) One Strain per Genus (B)
COG-Based KO-Based COG-Based KO-Based COG-Based KO-Based
Aerobic vs. Anaerobic
Selected Gene Groups 498 219 390 166 178 82
A∩B 342 139 155 67
A- A∩B 156 80 343 152
B- A∩B 48 30 23 15
Classiﬁcation Error Rate Number Average 0.1380 0.1638 0.1456 0.1666 0.1471 0.1774
STD 0.0583 0.0637 0.0594 0.0664 0.0599 0.0696
Percentage Average 0.1472 0.1342 0.1459 0.1395 0.1429 0.1390
STD 0.0618 0.0595 0.0619 0.0611 0.0607 0.0624
Aerobic vs. Facultative
Selected Gene Groups 648 360 304 140 106 41
A∩B 259 119 95 38
A- A∩B 389 241 553 322
B- A∩B 45 21 11 3
Classiﬁcation Error Rate Number Average 0.1817 0.1816 0.1769 0.1894 0.1896 0.2221
STD 0.0489 0.0501 0.0486 0.0504 0.0494 0.0534
Percentage Average 0.2138 0.1821 0.2168 0.1919 0.1912 0.1954
STD 0.0510 0.0492 0.0515 0.0505 0.0492 0.0507
Anaerobic vs. Facultative
Selected Gene Groups 532 228 307 128 110 42
A∩B 274 111 103 39
A- A∩B 258 117 429 189
B- A∩B 33 17 7 3
Classiﬁcation Error Rate Number Average 0.1751 0.1763 0.1569 0.2010 0.1936 0.1645
STD 0.0659 0.0674 0.0595 0.0697 0.0638 0.0656
Percentage Average 0.1507 0.1414 0.1457 0.1456 0.1722 0.1555
STD 0.0611 0.0608 0.0595 0.0614 0.0649 0.0628
Aquatic vs. Host-Associated
Selected Gene Groups 428 172 230 65 67 20
A∩B 181 50 56 17
A- A∩B 247 122 372 155
B- A∩B 49 15 11 3
Classiﬁcation Error Rate Number Average 0.1864 0.2220 0.1781 0.1824 0.2213 0.2098
STD 0.0705 0.0659 0.0696 0.0674 0.0749 0.0731
Percentage Average 0.1626 0.1773 0.1622 0.1575 0.1768 0.2049
STD 0.0667 0.0681 0.0662 0.0656 0.0689 0.0730
Aquatic vs. Terrestrial
Selected Gene Groups 200 124 98 45 26 3
A∩B 93 41 16 3
A- A∩B 107 83 184 121
B- A∩B 5 4 10 0
Classiﬁcation Error Rate Number Average 0.2141 0.1996 0.2340 0.2130 0.2982 0.3206
STD 0.1257 0.1203 0.1293 0.1199 0.1390 0.1371
Percentage Average 0.2223 0.2083 0.2409 0.2111 0.3177 0.3691
STD 0.1257 0.1237 0.1300 0.1254 0.1426 0.1483
Host-Associated vs. Terrestrial
Selected Gene Groups 387 192 220 85 57 28
A∩B 178 75 45 21
A- A∩B 209 117 342 171
B- A∩B 42 10 12 7
Classiﬁcation Error Rate Number Average 0.1974 0.2125 0.1950 0.1848 0.2203 0.1954
STD 0.1227 0.1233 0.1207 0.1167 0.1290 0.1221
Percentage Average 0.1750 0.1708 0.1911 0.1883 0.2152 0.2184
STD 0.1178 0.1167 0.1221 0.1206 0.1285 0.1275
36 H. Wu, E. Moore / Genomics 96 (2010) 27–38and the number of masked gene groups tends to be smaller for the
former scenario. These observations may indicate that the presence of
multiple genomes of close taxonomic lineages in the data repertoire
indeed affected our statistical analysis. However, it is also interesting
to note that the results of the prediction tests were similar before and
after the taxonomic redundancy was removed, suggesting that there
may exist certain gene groups whose correlation relationships with
environmental conditions are independent of the taxonomy of thegenomes and whose presence/frequency in the genomes is the major
contributor to the prediction tests.
However, it remains arguable whether the taxonomic redundancy
in the current data repertoire represents artifacts (e.g., uneven
investigations of taxonomic groups in certain environments) or
phenomena in nature (e.g., a taxonomic group has different prefer-
ences to different environmental conditions). For the former case, the
bias caused by artifacts may be corrected via genome re-sampling
37H. Wu, E. Moore / Genomics 96 (2010) 27–38during the analyses;whereas, for the latter case,multi-way association
analyses (e.g, N-way ANOVA) may be required to determine the
interactions between the environment, the taxonomic origins, and the
genome compositions. We feel the multi-way association analyses are
beyond the scope of the reported study, and therefore leave them for
our future investigations.
Summary
The functional and physiological status of prokaryotic organisms,
as well as their evolution, is subject to the variation of the
environments. In this study, we utilized NCBI's complete prokaryotic
genomes and their environmental descriptions to investigate whether
a genome's gene distributions in various functional groups are
correlated with its living environments. We ﬁrst identiﬁed via
statistical tests the COG and KO groups of which the gene numbers
and gene percentages exhibit different distribution patterns for
organisms of different environmental conditions. In particular we
focused on comparisons of organisms in different oxygen requirement
and habitat conditions. By mapping the selected COG and KO groups
to the COG general categories and KEGG pathways, we were able to
infer which part of the functional machinery is correlated with
environmental conditions. For instance, in addition to various aspects
of the central metabolism machinery that were shown relevant to
oxygen requirement and habitat conditions, transcription regulators
in response to oxidative stress were selected for the comparisons
between anaerobic and other organisms; aerotaxis, chemotaxis and
ﬂagellar genes were selected for the comparisons between facultative
and other organisms; and, the total number of genes as well as genes
involved in transcription, signal transduction and cell growth were
consistently selected for comparisons of different habitat conditions.
These observations are in general consistent with existing studies on
properties of organisms living in different environmental conditions.
Based on the gene distributions in the selected COG/KO groups, we
then examined whether an organism's environmental descriptions in
terms of salinity, oxygen requirement, habitat and temperature range
are predictable. The misclassiﬁcation rates of the prediction experi-
ments were much smaller than that rendered by random guessing,
indicating the existence of the correlation relationships between
organisms’ environmental conditions and gene distributions in
certain functional groups. However, the rather moderate misclassiﬁ-
cation rates [the 25- and 75-percentiles of the misclassiﬁcation rates
for the binary classiﬁcations of all environmental conditions are
16.79% and 24.06%, respectively (see Supplementary Materials)] also
indicate that the correlation relationships between environmental
conditions and gene distributions in certain functional groups are not
strong enough for one to decisively deﬁne the other.
Besides gene distributions in various functional categories, studies
have shown that environmental conditions may also affect other
genomic features, e.g., genome size, GC content, synonymous codon
usage, and topological properties of metabolic networks. Though the
genome size information has already been implicitly incorporated
(i.e., gene percentages) in this study, we will in our future study
investigate whether more explicit incorporation of additional ge-
nomic features can yield even stronger correlation relationships with
as well as more accurate prediction of the environmental properties.
Meanwhile, it is also desirable to distinguish environmental and
phylogenetic impacts on the genomic and proteomic features. Efforts
have been attempted to comparing genomes of the same phylogenetic
lineage but living in different environments, such as comparing the
Prochlorocuccus strains isolated from different ocean depths [30].
Alternatively, N-way ANOVA can be performed to determine whether
a particular genomic/proteomic feature is simultaneously correlated
with multiple factors [10]. In our future study, we will also investigate
whether the genomic features are also correlated with phylogenetic
origins and whether phylogenetic origins and environmental condi-tions are coupled when being correlated with the genomic features.
Finally, as mentioned earlier, the correlation relationships between
the environmental conditions and the gene distributions in various
functional groups are present but not strong enough to precisely
characterize an organism's environmental proﬁle using its genomic
features. This lack of strong correlation relationships may partially be
caused by artiﬁcial factors such as the system to characterize
environmental conditions. The current system is based on categorical
terms, and part of it (e.g., for salinity and temperature characteriza-
tions) is deﬁned arbitrarily and lacks coherence. A comprehensive and
unambiguous system for describing environmental conditions, like
the efforts towards the environment ontology [2,31] and Habitat-Lite
[1], may help to better determine the relationships between the
genomic/proteomic features of organisms and their living environ-
ments. Particularly, Habitat-Lite has been applied in DOE Joint
Genome Institute's IMG/M Database (http://img.jgi.doe.gov/cgi-
bin/pub/main.cgi) to characterize metagenomes. Therefore, the
third direction of our future study will be to investigate whether the
ontology-based environmental descriptions are more applicable and
can lead to better determination of the relationships between
environments and genomic features of prokaryotic genomes.Appendix A. Supplementary data
Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.ygeno.2010.03.007.References
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